The human leukocyte antigen (HLA) is the most polymorphic region in humans. Anthropologists use HLA to trace populations' migration and evolution. However, recent admixture between populations can mask the ancestral haplotype frequency distribution. We present a statistical method based on high-resolution HLA haplotype frequencies to resolve population admixture using a non-negative matrix factorization formalism and validated using haplotype frequencies from 56 world populations. The result is a minimal set of source components (SCs) decoding roughly 90% of the total variance in the studied admixtures. These SCs agree with the geographical distribution, phylogenies, and recent admixture events of the studied groups. With the growing population of multi-ethnic individuals, or individuals that do not report race/ethnic information, the HLA matching process for stem-cell and solid organ transplants is becoming more challenging. The presented algorithm provides a framework that facilitates the breakdown of highly admixed populations into SCs, which can be used to better match the rapidly growing population of multi-ethnic individuals worldwide.
Introduction
Human Leukocyte Antigen (HLA) plays a crucial role in both the adaptive and innate immune system and is proven instrumental in multiple medical disciplines, including matching for solid organ and hematopoietic stem-cell transplantation (HSCT) (Chinen and Buckley 2010; Brand et al. 2013; Geneugelijk et al. 2017; Phillips and Callaghan 2017) . As generations of humans migrated throughout the world, HLA has evolved with each population conserving key ancestral features (Sanchez-Mazas and Thorsby 2012), and with more than 15,000 defined alleles to date (Robinson et al. 2014 ) and over 1,000,000 haplotypes (Slater et al. 2015) , it stands as the most polymorphic region in the human genome.
The study of human admixture and population stratification addresses a growing need in multiple disciplines, including large-scale disease and drug association studies (Gragert et al. 2014b; Ferrell and McLeod 2008) , planning and modeling volunteer adult donor stem-cell registries (Gragert et al. 2014a) , and personalized and consumer genetics (Chua and Kennedy 2012) . Typical population genetics algorithms interrogate Single-Nucleotide Polymorphisms (SNPs) in large genomic or genome-wide regions to track concepts like population size, migration, selection, admixture, recombination, or Alexandra Litinsky Simanovsky and Abeer Madbouly contributed equally to this work.
Author Summary Anthropologists frequently use HLA to trace migration and evolution of different populations. This is due to the high linkage among HLA genes leading to the transmission of intact haplotypes from parents to offspring, hence preserving key population ancestral features. Such a linkage has been proposed to be the result of positive selection. However, over the last century, human kind is going through a rapid population mixture, producing admixtures of original populations, and algorithms are required to disentangle these populations for population genetics and for improving matching for stem-cell or solid organ transplants. To address these challenges, we developed a new HLA-based method to identify population-level admixture using high-resolution HLA haplotype frequencies. This is in contrast with existing methods estimating individual-level admixture based on genomic distribution of SNPs. We show that 90% of the genetic variance of the HLA haplotypes can be explained using a much-reduced set of 8 source components (SCs). The estimated SCs and admixture models agree with the geographical distribution, population phylogenies, and recent historic admixture events of the studied populations.
Electronic supplementary material The online version of this article (https://doi.org/10.1007/s00251-019-01144-7) contains supplementary material, which is available to authorized users. genetic drift (Balding 2006; Voight et al. 2006; Sabeti et al. 2007; Williamson et al. 2007; Hindorff et al. 2009; Pickrell et al. 2009) or study the population genetics of specific ethnic groups (Kennedy et al. 2003; Fujimura and Rajagopalan 2010) . The need for large genomic regions stems from the limited polymorphism in bi-allelic SNPs. While the HLA locus is indeed highly polymorphic, it is of limited size, allowing for different measures of admixture. With the evolution of HLA over millions of years, distinctive features of the MHC locus became evident, such as gene density, diversity, and low recombination rate (Traherne 2008; Shiina et al. 2009 ). Multiple models have been proposed to explain HLA polymorphism (Parham and Ohta 1996; Aguilar et al. 2004) , the most prominent being pathogen-driven balancing selection (Apanius et al. 1997) . This extensive polymorphism facilitates tracking human migration patterns, population admixture, allelic diversity, pathogen evolution, and selection through the study of HLA allele and haplotype frequencies (Tokunaga et al. 1996; Abi-Rached et al. 2011) .
Importantly, because of the high-gene density, diversity, and low recombination rates, HLA alleles are inherited mostly as intact haplotypes, preserving a high degree of linkage disequilibrium (LD) (Lam et al. 2013) . Recent evidence shows a clear purifying selection in HLA haplotypes (Alter et al. 2017) , i.e., many combinations of HLA alleles are seldom separated over multiple generations, possibly as a result of positive selection (Alter et al. 2017; Lobkovsky et al. 2019) . One interpretation is that certain allele groupings on a haplotype are tuned to work together. Hence, the absence of detectable recombination may reflect maintenance of haplotypes with favored immunological function through selection against unfavorable recombinant haplotypes (Traherne 2008) , creating founder haplotypes which have not degraded over the development time scale of current self-defined human ethnicities. The high occurrence of a handful of distinct longrange HLA haplotypes has long been of interest because of their prevalence and strong associations with complex diseases (Simmonds and Gough 2007; Holoshitz 2013) (Sjakste et al. 2016) .
Population genetic traits were studied through the estimation and analysis of HLA allele and haplotype frequencies. Klitz et al. (Klitz et al. 2010 ) studied detailed Expectation Maximization based haplotype frequencies across three HLA loci to estimate the phylogeny of Jewish populations using correlations between haplotype frequencies among populations. More detailed correlation based analysis of high resolution six-locus haplotype frequencies was performed by Gragert et al. (Gragert et al. 2013) where population groups and phylogeny was detected among the main US populations as defined in the Be The Match® US volunteer donor stemcell registry. Recently, we studied the effect of selection on HLA haplotypes (Slater et al. 2015; Alter et al. 2017) . However, to our knowledge there is no published work dividing HLA haplotypes into original components that break down the admixture in haplotype distributions.
Population substructure is often estimated using admixture models, where each population is broken down into a mixture of original populations (Pritchard et al. 2000; Alexander et al. 2009 ). This is formally a hidden state model, where the hidden states and the associated probability distribution are estimated in each population. To resolve the admixture into its primary components, most algorithms use a maximum likelihood approach (Alexander et al. 2009; Zhou et al. 2011 ). Multiple methods have been developed to detect population admixture (e.g., ADMIXTURE (Alexander et al. 2009 ) and STRUCTURE (Pritchard et al. 2000; Porras-Hurtado et al. 2013) ). However, hidden state model methods can produce spurious results in the presence of background LD, which often happens in admixed populations due to multiple effects, such as genetic drifts and in some highly polymorphic markers, such as HLA and microsatellites (Kaeuffer et al. 2007) . Additionally, these models are not adapted to a single highly polymorphic region in contrast to large regions of limited polymorphism. We here present a method to estimate population admixture, in the presence of background LD, based on Non-negative-Matrix Factorization (NMF). Using HLA haplotype frequencies from 56 world populations, we decompose the frequency distributions into the non-negative composition of a small number of Source Components (SCs) and test the precision of our results using a large dataset of high-resolution HLA haplotype frequencies, estimated from over 3.5 million individuals. Data were collected from volunteer unrelated adult stem-cell donor registries worldwide for haplotype frequency analysis and registry modeling studies. We then show that these SCs can be used to detect the admixture composition of new populations.
Simply stated, the proposed factorization presumes that each observed frequency is the weighted combinations of frequencies in a small number of SC. However, since the SCs are unknown, we solve an algebraic problem of finding the composition of a small number of components whose weights best explain the observed frequencies in all populations. This would translate to a decomposition problem. Since haplotype frequencies are always positive, and each current population cannot have a negative fraction of one of the seeding populations, all elements in the admixture must be either zero or positive. We thus use a variant of matrix decomposition denoted as non-negative matrix factorization.
Current HLA matching practices in HLA registries mainly rely on predefined ethnic groups driven by selfreported race and ethnicity (SIRE). The admixture method presented here can augment the current matching practices by contributing a genetically oriented approach, particularly in cases when SIRE is unavailable or with individuals of multi-ethnic origin. This would facilitate reducing the total number of ethnic groups being matched and permit the development of cross-registries haplotype frequency estimation. As the fraction of people with unknown SIRE or mixed SIRE keeps increasing, modeling approaches become increasingly important. The development of admixture methods in combination with a Bayesian classification scheme that would associate donors with different SCs, would allow both imputation and matching of donors in the absence of SIRE (except for a prior on their probability to be associated with each SC). Moreover, when the number of different populations is increased, using SCs would limit the number of combinations to be tested for donors with complex ancestry.
Materials and methods

Study populations and haplotype frequency estimation
HLA haplotype frequencies from 56 global populations were used in this study (Table 1) . These populations were predominantly volunteer donors in stem-cell donor registries across the globe. We used haplotype frequencies from the Ezer-Mizion Registry in Israel (Manor et al. 2016 ) multiple registries in India ), the US Be The Match registry® (Gragert et al. 2013 ), a number of European registries that list their donors within the US registry (The Netherlands, Norway, Sweden, Wales) and the Australian registry, including two registries that list within it: New Zealand and Thailand. Haplotype frequencies from the Canadian registry were used for method validation (Table 2 (Gragert et al. 2013) ). Five-locus HLA-A~C~B~DRB1~DQB1 allelelevel haplotype frequencies were used for all populations except for the Canadian groups for which only four-locus data were available and HLA-A~C~B~DRB1 frequencies were estimated. Phased HLA haplotype frequencies were estimated using an implementation of the Expectation Maximization (EM) algorithm that resolves phase, allelic, and missing allele ambiguities (Kollman et al. 2007 ). The applied EM algorithm was shown to cope with varying levels of typing resolution or missing loci data, even if the level of typing resolution is not independent of the HLA type (for example higher rate of missing typing at particular loci like HLA-C and HLA-DQB1) .
Non-negative matrix factorization
To estimate SCs, we use NMF. Such a factorization is used when the observed values are all non-negative, and we make two assumptions:
A) Each observed haplotype frequency in a given population is a combination of their frequencies in SC, and the fraction of each SC in the current population is always non-negative. B) The SCs themselves have only non-negative frequencies.
Specifically, a non-negative matrix C would be factorized into two non-negative matrices A and B, where C is a nXm matrix, representing the haplotype frequencies in n populations, each with m haplotypes. Note that many haplotypes are missing in each population, these values are represented as zeros in the appropriate positions. A is nXr non-negative mixing matrix and B is rXm nonnegative "original" populations (OP) matrix. Each n-dimensional vector represents one out of m populations. In the current application, m constitutes the 56 studied populations and n is of the order of a million different haplotypes. The variable r is chosen to be much smaller than n and m. The range of r values, representing the count of possible SCs, was tested between 1 and 23. The results of the decomposition are a function of the chosen cost function (Lee and Seung 2001) . We have tested the Frobenius, Kullback-Leibler (KL), Lee, Offset, and LS-NMF (least squares non-negative matrix factorization) cost function as implemented in the R package NMF (Gaujoux and Seoighe 2010) .
The factorization is initialized with a seed (e.g., A 0 and/or B 0 ), which initiates the expectation maximization (EM) process. In each iteration, new non-negative A and B matrices are calculated. The process is repeated until it converges to a locally optimal matrix factorization. There are currently multiple standard algorithms for NMF (Lee and Seung 2001) . These algorithms approximate a nonnegative matrix (a matrix where all elements are nonnegative) as a product of two low-rank non-negative matrices. The results of the approximation are affected by the loss function used and by the weighting of the input columns. In the current context, we represent the haplotype frequencies in 56 populations as the positive admixture of 8 components.
Phylogenetic analysis
To test that the admixture reproduces the known genetic groups of populations, we compared the admixture-based grouping to a fixation index (Fst) based phylogenetic tree. We applied a Neighbor-Joining (NJ) algorithm to construct a phylogenetic tree of the studied populations (Saitou and Nei 1987; Costa et al. 2017) . Following the tree construction, populations were grouped by the SCs obtained from the NMF analysis, grouping highly overlapping SCs (e.g., two SCs frequent in all European populations). To validate the NMF algorithm, we investigated the similarity between the tree structure and the phylogenetic grouping.
The NJ distance matrix was based on the genetic distance between the population haplotype frequencies. We used the pairwise Fst measure (Weir and Hill 2002; Excoffier et al. 2005 ) calculated for all combinations of population pairs. Typically, the Fst value ranges from 0.0 to 1.0, where 0.0 indicates identical population frequencies and high Fst values indicate significantly different populations. We use the Fst algorithm as implemented 
Principal coordinate analysis
Principal Coordinate Analysis (PCOA) (also denoted multidimensional scaling) was applied to translate the distance matrix into a 3-dimensional Euclidean space. The projection was performed using the wcmdscale function implemented in the R package Vegan.
Comparison with hidden state model algorithm
We compared the performance of our NMF-based admixture algorithm to the software STRUCTURE (Pritchard et al. 2000 ) that estimates population substructure using a Markov Chain Monte Carlo (MCMC) Model. Given that STRUCTURE produces spurious results for markers with excessive background LD (such as HLA), we ran STRUCTURE on select genome-wide SNP genotypes from the reference 1000 Genomes phase I dataset (Consortium 2015) (Table 3) and compared the output admixtures to those estimated by HLA-based SCs in populations of similar ancestry (in our study) as the 1000 Genome populations. The 500 selected genome-wide SNP ancestry informative marker panel was previously published and validated for delineation of population substructure within European populations as well as globally across world continents (Paschou et al. 2008 ). STRUCTURE v2.3.4 was run using K = 8 clusters (like the count of SCs), with 7000 replicates and 50,000 burnin' cycles.
Likelihood estimate
Given the overall observed haplotype frequencies, each population haplotype frequency likelihood was estimated assuming independence of sampling of haplotypes under a Poisson model (assuming the composition reproduces frequencies, and that the total population size is much larger than the registry size). The log likelihood of a reconstruc- then computed using the number of free parameters in A and P.
Inference of unlabeled populations
A possible application of the work presented here is to dissect an unknown admixed population into a set of SCs. Starting with a set of estimated SC haplotype frequencies, one can decompose a new population of unknown admixture using a regression of these frequencies over the used original frequencies.
Often the new population may have lower resolution (e.g., 4 locus information instead of 5). In such a case, the original frequencies are reduced to a similar resolution prior to regression. We also show that this reduction does not impact the accuracy of the results.
Model
We present a model to infer the basic components of a population using haplotype frequency distributions from multiple populations. The 56 studied populations originate from multiple ethnic groups in four continents with ancestral roots encompassing all six world continents. Some populations were relatively homogeneous (e.g., Vietnamese) while others were formed of relatively recent admixtures (e.g., African-American and Latin American) (Paschou et al. 2008; Behar et al. 2010) . To estimate the components of a population admixture, we assume the existence of K SCs, each represented by a haplotype frequency denoted as P j , where jranges from 1 to K SCs. Each observed population is assumed to be a positive normalized combination of such SCs:
where ε i is a noise vector that is affected by the sample size and may vary for each haplotype. To translate (1) into a matrix decomposition problem, we rewrite it as:
where A is the matrix of all a ij . To estimate the number of SCs best describing the studied populations, an appropriate cost function is required. Such a function can be based on the error in the reconstructed populations (E = H − AP) and is scaled by the sample size of each population. Such scaling may be crucial, since some populations are over-represented in the study cohort. Moreover, if the population is not scaled, splitting a population into two sub-populations would double its contribution to the error. Other cost functions were also tested (See Supp. Mat. Table S1 for a list of tested cost functions and weightings). The relative error of the decomposition was computed for each algorithm as a function of the number of used OPs:
Where E i and H i are column vectors of E and H respectively representing a single population, N i is the population size, and the norm used is Euclidean. In all tested cost functions, the errors plateaued at 7-10 SCs (Fig. 1A) . Note that non-scaled solutions produce SCs strongly biased toward highly admixed groups (Supp. Mat. Fig. S1 ) and produce a higher error rate (Fig. 1A) . To test that 7-10 SCs is actually the optimal solution, we computed the Bayesian Information Criteria (BIC) and the Akaike information criterion (AIC) for each solution (Inset in Fig. 1A) . Indeed, the optimal AIC and BIC are between 6 and 10 SCs (See methods for likelihood function).
Each SC is assigned a name according to the principal observed populations containing it, with the following main groups: European, African, Israeli, Latin American, South Asian, and East Asian. When more SCs are used, the result is typically the splitting of one of these groups into sub-groups (Supp. Mat. Fig. S1 ). Given the results of the admixture, we assign each observed component one main group according to the main SC composing them. In the following results, the observed components are grouped according to the SC composing the largest fraction of the admixture vector A i (A single column of A) (Fig. 1B) .
In all plots, populations are colored according to the SC with the PP(i) most contributing to this population.
The model and core are available at: https://github.com/ louzounlab/Haplotype-Admixture
Results
Our results show that seven to ten SCs are the optimal range for the admixture in the 56 studied populations (Fig.  1A) . The lowest AIC is obtained for seven SCs and the lowest BIC is obtained for 10 (see methods for likelihood estimate and inset in Fig. 1A) . We have used an intermediate value of Eight SCs which reduces the error to 10% of the original matrix variance (as defined by Eq. 3), i.e., a minimal set of SCs captures roughly 90% of the total variance in the studied admixtures. We observed that the diversity level varied widely among populations; in some groups the admixture was predominantly represented by one SC as in the case of the US Japanese and Filipino populations, while other populations, such as US Middle Eastern, New Zealand, and Australian Aboriginal were quite admixed (Fig. 1B) . These results are consistent when the admixture method and number of SCs are varied Fig. 1 A) Relative decomposition error computed for each evaluated cost function as a function of the number of SCs (Source Components). In all tested cost functions, the errors plateaued at 7-10 SCs (Inset shows minimum Bayesian Information Criteria (BIC) and Akaike information criterion (AIC) reached for the same range of Ops indicating minimal information loss in this range). B) Population Admixture Analysis: individual admixture proportion of 56 population samples with 8 SCs.
The color composition reflects the admixture (i.e., the fraction of a given population explained by the appropriate SC. Some of the population are composed of a single SC. All population acronyms are listed in Table 1 . C) Scatter plot of admixture error ‖E i ‖ vs. the admixture entropyEnt(A i ). Each population has an assorted color, depending on the group it belongs to. The correlation between the entropy and admixture is unaffected by the population size (Supp. Mat. Fig. S1) . The difference in the composition can be observed in the entropy of vector A i vs.Ent(A i ) (Ordinate axis in Fig. 1C ).
The highly admixed populations with higher diversity in haplotype frequency may be challenging to properly classify, as can be seen from the correlation between the admixture error ‖E i ‖and the admixture entropyEnt(A i ) (Fig. 1C) . The error results with average and std are given in Supp. Mat. Fig. S2 .
Note that the observed correlation may be the result of a cofactor such as the registry size N. There is a negative correlation between N and Ent(A) since populations with high N values tend to have a single population explaining them to minimize the loss. For similar reasons there is a negative correlation between N and the error. To neutralize such an effect a partial correlation was performed (i.e., a correlation over the residual of the regression on the population size (Nunnally and Bernstein 1994) , with a Spearman partial correlation of 0.4 (p < 1.e−4.). Interesting correlations also emerge between the entropy of the haplotype frequencies and the error, with a low error for high entropy (more uniform distribution of haplotypes). Moreover, as could be expected, size is correlated with a lower error and a lower entropy of A, representing the bias toward the more precise representation of larger populations (Supp Mat. Fig. S3 ). Note that we have used the sampled population as a proxy for the real population size. However, as discussed later, the results are quite robust to changes in the input, and thus are not expected to be affected by limited sampling bias.
The admixture results (Fig. 1B) are consistent with the phylogenetic analysis based on the Fst distance between the HLA haplotype frequencies of the observed populations ( Fig.  2A) , where leaves are colored perPP(i). The tree splits into primary ethnic groups. Similar populations from different registries (e.g., populations of African ancestry from the Australian and US registries) are neighbors in the lineage tree and have similar PP(i)values, showing that technical differences between the methods used by different registries have a limited effect on the resulting admixture. The trees based on HLA frequencies effectively reproduce most details of current known population admixture, including the fine details of Asian and Jewish populations, as well as the admixture of Latin American populations (Gragert et al. 2013; Verdu et al. 2014) .
Some interesting trends in the tree, beyond reproducing the main human lineages, are the proximity between American Indians and European populations, which is previously reported Bryc et al. 2015) .
This can be seen also by the significant European SC component of Native American populations (Fig. 1B) . The same trend holds even more for Australian Aboriginal populations which agrees with the high admixture between these groups and settlers reported in the literature (McEvoy et al. 2010; Bryc et al. 2015; Malaspinas et al. 2016) . Israeli Arabs and Druze are closer to their Jewish neighbors than to Middle Eastern or North African populations in the US or Australia. This is probably the result of the broad classification of these groups in the US and Australian registries (Gragert et al. 2013) .
The classification of populations based on their leading SCs agrees with PCOA analyses of the pairwise population Fst distances based only on HLA. The PCOA is also in agreement with the geographical spread of the populations. The first PC (horizontal axis in Fig. 2A) represents an East-West division of populations, separating the European from all other populations. The second PC (vertical axis in Fig. 2A ) separates Middle Eastern and Israeli groups from Asian populations. The African populations are in the center of the PCOA and the phylogenetic tree is as expected from the out of Africa evolutionary theories of human ancestry (Hammer et al. 1998; Moorjani et al. 2011) . Note the agreement of PP(i)with the PCOA map, further showing that the admixture captures the main axes of variance in the human genetic development (Other dimensions of the PCOA are given in Supp. Mat. Fig. S4) .
To test the robustness of our method, we performed multiple comparisons of the admixtures obtained when varying the populations or reducing the number of loci. Specifically, 4 different tests were performed (Fig. 3.) . In all cases the resulting admixture was practically not affected. First, the admixture analysis was repeated after removing all HLA-C and HLA-DQB1 loci, i.e., on HLA-A~HLA-B~HLA~DRB1 haplotype (upper plot labeled "3 locus"). We then repeated the analysis with most Israeli populations removed leaving only 37 populations to analyze (second plot labeled "37 pop"). Finally, we replaced the Israeli populations with the Canadian populations. The Canadian populations only had four-locus haplotype frequencies. Thus, the haplotypes lack HLA-DQB1 so other populations frequencies were also reduced to a four-locus resolution accordingly. In all cases very similar admixtures were obtained (Fig. 3) . Finally, the entire analysis was repeated 50 times, where a mixture of two random populations was added and the original two populations were removed. We then compared the admixture of the new population with the linear combination of the SCs. The Euclidean distances between the appropriate admixture vectors were much lower than the distances between pairs of random populations (Fig. 3 lowest panel.) .
Two other factors that can affect the results are the sampling level, and the sensitivity to the initial conditions Fig. 2 A) Unrooted neighbor-joining (NJ) phylogenetic trees based on the Fst matrix calculated from five-locus haplotype frequencies of the 56 studied populations. The tree is divided into branches delineating the main ethnic groups in the current analysis: Jewish, African, European, Hispanic, East and South Asians. Color coding shows concordance between the estimated admixture and tree branches. The only exceptions are highly admixed populations, such as Ethiopian Jews. B) PCOA (Principal Coordinate Analysis) analyses of the distances as defined by pairwise population Fst. The population has been grouped into broad regions: South Asian, East Asian, Pacific Islanders, Jews, European, African, and Hispanic. More plots are provided in supplementary materials of the NMF. The NMF is a stochastic algorithm, and the two computed matrices are initiated with random positive values. The random seed may affect the results. To test that the results are not affected by the initial seed, we performed the optimization with different seeds and different numbers of SCs, with very similar results. (Fig.  4A) . Similarly, while the population size is inherently incorporated in the optimization problem, the different sampling level may affect the results. To test for the sampling effect, we sampled each population to different levels (1000-25,000) with repetition (i.e., the same haplotype can be sampled multiple times). The results obtained from the sampled haplotype frequencies are very similar to the results from the full sample (Fig. 4B) . The main difference observed between the different initial seeds, as well as the sampling is that in some solutions, the Filipino and Hawaian populations form a distinct SC, and in some solution it does not. The other populations are practically not affected.
To compare our results to existing methods, we performed an MCMC based admixture analysis on a subset of genome-wide ancestry informative marker SNPs in the 1000 genome (1KG) populations (Fig. 5A ) and compared the result to a subset of geographically similar populations in our study where admixture was estimated using the NMF-based analysis and HLA haplotype frequencies. As seen in Fig. 5A , significant similarities can be seen between the NMF-based (top) and MCMC estimated admixtures (bottom), especially in Chinese, Japanese, African, and European populations. We observed more splits in the Latin-American 1KG populations (MXL, PUR, CLM) in the MCMC admixture. This could be the result of over representation of these samples in the 1KG project compared with the registry samples. Note that the registry data does not contain a specific Iberian Spanish population and therefore there is no dedicated haplotype frequency that particularly represents Iberian Spanish groups. Additionally, the European admixture in registry Latin American populations is usually less than in Iberian populations because it is partially replaced by Amerindian admixture from Native Americans. This resulted in Latin American SCs participating in the admixture of the Iberian Spanish 1000 Genomes population (IBS- Fig.  5A ). This is by no means indicative of population migration trends (historically, migration happened from Spain to the Americas, but not necessarily in the other Fig. 3 Validation of HLA based admixture. Four validations were performed. The upper 3 rows represent the results of the admixture analysis with alternative populations or alternative resolutions. The 4th row is the result of the original admixture analysis, and the last row is the distance distribution of simulated admixtures vs the admixture computed in the NMF. The first row is the NMF analysis using the same populations as the original analysis but with only 3 loci used for the analysis. The second row is the analysis with the original resolution, but without most Israeli populations. The third has most Israeli populations removed, and Canadian populations added. In addition, the resolution was lowered to 4 alleles. The fourth row is a repetition of Fig. 1 . The last (fifth row) represent the result of simulations where a new population was created as a combination of two existing populations i and j. We then removed populations i and j, and computed the admixture with the mixed populations, we then computed the distance between the resulting admixture for the new population, and the combination of the original populations (blue bar for distribution), and the distance between the resulting population and another random population (red bars). One can clearly see that the blue distribution represents much shorter distances than the red one) direction), but rather of the use of available HLA haplotype frequencies to break down the admixture of certain populations for clinical matching purposes. To explain further, a methodological distinction between classical Fig. 4 Effect of sampling and random seeds on the decomposition. We tested the effect of sampling with repetition (upper plots) and of using the full sample, but with different seeds (lower plots) on the results. The effect of sampling is mainly the disappearance in some samples of the Filipino and Hawaiian SC (yellow bays in the rows 7-8. And the parallel split in the Hispanic population. The same happens when suboptimal solutions are used for the full populations (lower plots-two left columns) admixture methods and the current decomposition is the absence of predefined "original" admixture components in the current analysis. The components are computed from the observed distributions in all populations. Thus, a small population flowing into a large population would be described as composed from the large population and not vice-versa (e.g., the Iberian population affected by American Hispanic population and not the opposite). While this is an impediment for the analysis of migration, this is an advantage when the goal is to find the most probable population to find a match.
To test similarities between the genomic MCMC and HLA based NMF method, we computed the distance between the admixture of matching populations and non-matching populations. The difference can be clearly observed ( Fig. 5 lowest panels (T test p < 1.e−5)). Note that the difference between the methods is in both the data used (genomic vs HLA) and method (MCMC vs. NMF). Still the results are very similar.
One application of the presented methods is the detection of the composition of groups with unknown SIRE to understand their sub-structure. To estimate the composition of unknown populations, we performed an admixture analysis using the estimated SCs to compute admixture in groups from the Canadian OneMatch registry while blinding SIRE, without the limit that the entire composition should be explained by a combination of the SCs:
HLA haplotype frequencies from the Canadian registry were estimated at a four-locus resolution. To estimate the admixture of the Canadian populations, we dropped the resolution of the SCs haplotype frequency distribution to four-locus by summing over all five-locus haplotypes that differ only in HLA-DQB1. We then computed the admixture of the new observed populations using Eq. (5).
For most Canadian populations, the estimated admixture via SCs agreed with self-reported race and ethnicities and with similar groups from other registries in the US, Australia, and Europe (Fig. 5B) . The similarity between the US and Canadian admixtures is clearly demonstrated in the admixture estimation of the Canadian Asian, African, European, Latin American, Korean, and Middle Eastern populations. However, some populations, such as Aboriginal and Filipino Canadians show a slightly different composition. For example, the Canadian Aboriginal population is composed not only of the Australian Aboriginal population components, but also has fragments from African and Hispanic populations. This could be attributed to different patterns and times of population migration and historical events. A test similar to the MCMC comparison above (comparison between self and non-self Euclidean distance of the admixtures) was performed with similar results (Fig. 5 lowest panels (T test p < 1.e−5)).
Discussion
We present an algorithm that dissects population genetic admixture, based on HLA haplotype frequencies, into SCs in the presence of background LD and high polymorphism. While traditional admixture and lineage models typically rely on many bi-allelic genome-wide loci, we demonstrate that HLA is polymorphic enough to allow for a clear delineation of population composition using a single genomic region. The admixture problem, shown equivalent to a Non-negative Matrix Factorization analysis, accommodates the admixture of a large number of populations with an extensive number of haplotypes (in the order of a million haplotypes). To our knowledge, this is the first algorithm to dissect population admixture with specific focus on HLA and a validation framework using a dataset with the presented magnitude.
We developed and applied our method to the haplotype frequencies of 56 populations from different adult stem-cell donor registries representing over 3.5 million volunteer donors. We showed that the resulting admixture is consistent with the known ethnic composition, recent history, and SNP based admixture.
The results of the admixture and phylogenetic analyses show a clear distinction between Asian, African, European, and Israeli populations. Expectedly, the Latin-American and Middle Eastern Arab populations were more admixed than other populations and contained a notable European component. Our method was also able to distinguish East Asian from south Asian and Pacific Islander populations such as New Zealand. Some of the analyzed populations were more admixed than others; for example, most East Asian groups had a single predominant SC while Caribbean and Middle Eastern groups were more admixed. A distinct difference emerged between Israeli and non-Israeli populations. Within the Jewish Israeli populations, phylogenetic analysis separated several distinct groups: Ashkenazi, North African, Central Asian, and Yemenite and Ethiopian Jews. Interestingly, the Jewish populations were mainly admixed with Caucasian and south Asian populations, probably representing historic Fig. 5 A) Comparison between admixture on 1000 genome data from STRUCTURE analysis (lower plot) and from the current NMF (Nonnegative Matrix Factorization) based analysis (upper plot). The colors represent the SCs as produced in STRUCTURE and the NMF. For each population in the 1 K Genome data, the most similar population in the registry was used. B) Validation bar plot of Canadian population admixture based on the SCs producing the admixture in Fig. 1B . All haplotype frequencies were reduced to four-locus resolution like genotypes provided from the Canadian OneMatch registry. Lowest panels represent the distance distribution between matching (blue) and non-matching (orange) pairs. One can clearly see that matching pairs are much closer than non-matching pairs for the two comparisons above migration and modern admixture events. Our results showed over 50% European admixture in Native American and Australian aboriginal populations, suggesting large recent admixtures ( Fig. 1B) . Additionally, we have reported in a previous study a degree of over reporting of self-identified Native-American race among Be The Match donors (Hollenbach et al. 2015 ) that did not completely coincide with the genetic composition of reporting individuals, some of whom were found to have substantial European admixtures. Our phylogenetic analysis showed comparable results ( Fig. 2A) . The general division of branches agreed with previous phylogenies of general human populations A limitation of the current methods is its restriction to phased HLA haplotype frequencies. The current implementation cannot be applied to SNP or other unphased marker data. Additionally, the presented admixture assignments are estimated at the population level, i.e., each haplotype is assigned a most likely SC, but a relative fraction of SC cannot be assigned to an individual. Thus, the presented method is not necessarily a replacement but rather complimentary to existing unphased admixture models. Additionally, a relatively isolated population with mostly private haplotypes (haplotypes found in only one population) and less representation in the frequencies might not be accurately represented by SCs. We suspect this might be partly the reason an Australian Aborigine component was not explicitly picked up, while the New Zealand component was. Australian Aboriginals might be relatively more isolated than the New Zealand population that could share some roots with Hawaiians and Southeast Asians and therefore is better represented in the frequencies.
Haplotype frequencies were estimated using an implementation of the Expectation Maximization (EM) algorithm that resolves phase, allelic, and missing allele ambiguities (Kollman et al. 2007 ) and is robust against various levels of HLA typing ambiguities, including missing loci (Kollman et al. 2007 ). This allows the use of intermediate and highresolution data from patient-directed registry typing (i.e., from subjects who were selected for testing on behalf of a specific patient) to extend haplotype frequency estimates to the allele level for loci with higher rates of missing data like HLA-C and HLA-DQB1. Additionally, other researchers have shown the robustness of the EM algorithm results against deviations from Hardy-Weinberg equilibrium proportions in the presence of larger sample sizes (Single et al. 2002) . These findings were reached using a study cohort of about 250 samples for frequency estimation, therefore we anticipate robustness of the estimated frequencies used in our study given that our population sample sizes ranged from 900 to over 1 million samples per population.
Beyond the theoretical importance of NMF based admixture methods, the presented results are useful in the context of hematopoietic stem cell transplantation (HSCT). Current methods to estimate haplotype frequencies and detect optimally matched HLA donors are based on Self-Identified Race and Ethnicity (SIRE), with an assumption of within-group mixing and limited admixture. This definition is quite arbitrary and has no clear genetic rationale. We believe SIRE can be a proxy for ancestry but generally captures incomplete population information.
The concept of SIRE is crucial for defining population haplotype frequencies that are core to the imputation process (Madbouly et al. 2014 ), used to resolve HLA typing ambiguities. Volunteer donor registries have accumulated donors over decades where HLA typing has significantly evolved. However, the donor search process has to accommodate the legacy ambiguous HLA types as well as the new less ambiguous ones. Additionally, registries are now becoming more international with the search extending to include worldwide donors. Here the concept of SIRE gets more complicated and is frequently inaccurate. The modelling presented in this work becomes essential as the fraction of people with unknown SIRE or mixed SIRE increases. The development of admixture methods in combination with a Bayesian classification scheme that would associate donors with different SCs would allow both imputation and matching of donors in the absence of SIRE. Moreover, when the number of different populations is increased, using SCs would limit the number of combinations to be tested for donors with complex ancestry. Importantly, our continuous validation of the matching process (outside the scope of this work) has shown that SIRE, when available, will always provide more accurate imputation and matching (data not shonw). Therefore, our modeling is intended to compensate for absence of SIRE but not necessarily to replace it all together.
